Z-numbers can generate a more flexible structure to model the real information because of capturing expert's reliability. Moreover, various semantics can flexibly be reflected by linguistic terms under various circumstances. Thus, this study aims to model the portfolio selection problems based on aggregation operators under linguistic Z-number environment. Therefore, a multi-stage methodology is proposed and linguistic Z-numbers are applied to describe the assessment information. Moreover, the weighted averaging (WA) aggregation operator, the ordered weighted averaging (OWA) aggregation operator and the hybrid weighted averaging (HWA) aggregation operator are developed to fuse the input arguments under the linguistic Z-number environment. Then, using the max-score rule and the scoreaccuracy trade-off rule, three qualitative portfolio models are presented to allocate the optimal assets. These models are suitable for general investors and risky investors. Finally, to illustrate the validity of the proposed qualitative approach, a real case including 20 corporations of Tehran stock exchange market in Iran is provided and the obtained results are analyzed. The results show that combining linguistic Z-numbers with portfolio selection processes can increase the tendencies and capabilities of investors in the capital market and it helps them manage their portfolios efficiently.
Introduction
In the real world, decisions are usually made based on information, which is uncertain, incomplete and vague. Moreover, with increasing complexity in the decision-making environment, Decision-Makers (DMs) no longer are satisfied with the classic or deterministic techniques for modeling their knowledge about events and they are intending to make more fruitful decisions using more general data. The fuzzy set theory, which was introduced by Zhdeh [1] , has created massive progress in the representation of uncertain and ambiguous data and has successfully been applied in the different area. Following Zadeh [1] , some authors developed the fuzzy set theory and presented its extended forms such as the interval-valued fuzzy sets [2] , the type-2 a1111111111 a1111111111 a1111111111 a1111111111 a1111111111 fuzzy sets [3] , the fuzzy multi-sets [4] , the intuitionistic fuzzy sets [5] , the hesitant fuzzy sets [6] , the interval-valued hesitant fuzzy sets [7] , picture fuzzy sets [8] , Picture Hesitant Fuzzy Set [9] , Proportional hesitant fuzzy linguistic term set [10] and proportional interval type-2 hesitant fuzzy set [11] . However, the fuzzy set theory and its extended forms are inefficient at representing the reliability of the information. Hence, to fill this limitation, Zadeh [12] introduced a new concept called Z-number and created a more general structure for modeling uncertain information related to the real-world phenomena. In the literature, the concept of Z-numbers has been investigated into two fields. The first field is the basic studies such as conversion techniques [13, 14] , arithmetic operations over Z-numbers [15] [16] [17] , ranking methods [18] [19] [20] [21] [22] and development researches [23] [24] [25] [26] . The second field is related to the application of Z-numbers in decision-making and optimization problems. Some authors (such as [27] [28] [29] [30] [31] ) used the concept of Z-numbers in decision-making modeling and presented different decision-making methods under Z-number environment. The prominent feature of Z-numbers is that they reflect the reliability of information in addition to uncertainty and ambiguity simultaneously. Moreover, Z-numbers can combine possibilistic and probabilistic restrictions simultaneously.
Often, experts express their opinions and assessment information by using linguistic terms because of fuzziness, uncertainty and ambiguity available in their knowledge. For example, to assess the financial performance of a firm or estimate the future return of an asset, experts can utilize linguistic terms such as "low", "medium", and "high". An important advantage of linguistic terms is that they can enhance the credibility and flexibility of the decision-making models [32] . Therefore, linguistic terms were successfully used in various areas [33] [34] [35] [36] [37] [38] . On the other hand, the fuzziness and randomness existing in linguistic terms accurately match up the constraint and the reliability measure of Z-numbers [25] . Hence, Wang et al. [25] incorporated linguistic terms with the concept of Z-numbers and introduced linguistic Z-numbers and extended their operations. Also, Peng and Wang [26] introduced hesitant uncertain linguistic Z-numbers (HULZNs). The prominent feature of the linguistic Z-numbers (LZNs) is that they capture both the fuzziness and randomness related to qualitative data simultaneously. For instance, the financial performance of a firm or the future return of an asset can be evaluated by using a linguistic Z-number so that linguistic terms such as "low", "medium" and "high" can be applied to describe fuzzy constraint and linguistic terms such as "seldom", "sometimes" and "usually" can be used to represent the probability measure. Hence, the financial performance of a firm can be assessed by using a linguistic Z-number such as (high, usually). As discussed, not only does a linguistic Z-number characterize the uncertainty of a variable by linguistic terms, but also it determines the reliability of this linguistic term by another linguistic term. This advantage causes the concept of linguistic Z-numbers to be beneficial in financial markets. Therefore, in this study, the linguistic Z-numbers are applied to better represent the qualitative financial data that expert determines.
One of the most important methods for fusing assessment information under various type of uncertain environment is aggregation operator. The techniques based on aggregation operators are premiere in comparison with traditional decision-making methods because they can obtain comprehensive values [39] . Therefore, many authors (such as [38] [39] [40] [41] [42] [43] [44] [45] [46] [47] [48] ) developed different kinds of aggregation operators under deterministic and uncertain environments. However, there are only two aggregation operators to aggregate qualitative data under hesitant linguistic Z-number environment including the hesitant uncertain linguistic Z-number power weighted average operator and the hesitant uncertain linguistic Z-number power weighted geometric operator [26] . Hence, in this paper, three of the most common aggregation operators, including weighted averaging (WA) operator, ordered weighted averaging (OWA) operator and hybrid weighted averaging (HWA) operator are developed under Z-number linguistic environment. Moreover, three new aggregation operators naming linguistic Z-number weighted averaging (LZWA) operator, linguistic Z-number ordered weighted averaging (LZOWA) operator, and linguistic Z-number hybrid weighted averaging (LZHWA) operator are introduced.
One of the most important problems in investment process is to choose the optimal collection of assets in a portfolio. Portfolio selection problem is modeled to attain one of the goals of investment management which is selecting a proper portfolio for investors. In the financial markets, investors usually face situations in which the financial goals such as return and risk have conflict together. Hence, Markowitz [49] presented a quantitative model called modern portfolio theory to select the optimal portfolio based on a trade-off between the expected return and the risk. According to Markowitz's model, many authors developed his mean-variance model by supposing the return of assets as a random variable. Hence, only historical information was applied to estimate the future return of assets. However, there are many nonrandom factors in the financial market that probability theory is unable to resolve. Therefore, to overcome this limitation, many scholars used the fuzzy set theory to model the portfolio selection problem. Although these scholars discerned the fuzziness in the financial markets, they ignored the reliability of the information in their researches. Z-numbers is a concept to consider the reliability of information which leads to rational selections when encountering different data. A Z-number is an ordered pair of fuzzy numbers. The first fuzzy component makes a restriction on the uncertain variable and the second component describes the reliability of the first component. Consequently, a Z-number both characterizes the uncertainty of a variable using a fuzzy number and displays the reliability of this fuzzy number by using another fuzzy number. This property causes Z-numbers more suitable in financial markets. Therefore, in this study, some linguistic Z-number aggregation operators are developed and a multi-stage approach is proposed to handle the qualitative portfolio selection problem under linguistic Z-number environment. The main aims of this paper are briefly highlighted as follows:
1. linguistic Z-numbers are applied to describe the assessment data relevant to the financial performances of corporations. This feature makes the proposed approach and the proposed models more flexible in comparison with the traditional portfolio models.
Preliminaries

Linguistic terms set and linguistic scale functions (LSFs)
Suppose s l 2S be a conceivable value of linguistic variable, where S = {s l |l = 0,1,. . .,2m}. S should include the following properties [50, 51] :
a. S is ordered: s l <s k if and only if l<k.
b. S conforms negation operator: neg(s l ) = s 2m−l It is clear that T is a discrete linguistic term set. Because the computational results do not usually match the members of T, Xu [52] [53] [54] has introduced a continuous linguistic term set � S, where � S ¼ fs i ji 2 ½0; l�g, to prevent the loss of the obtained information. Since Computation with linguistic terms (LTs) is placed within the category of computing with words (CWW), carrying out the arithmetic operation with them is not easy. Hence, some functions called linguistic scale functions (LSFs) have been defined to simplify the computation under linguistic environment [38, 53] . Different semantics are devoted to linguistic terms by using LSFs under various circumstances to apply information more flexible. There is a strictly monotonically ascending connection among every s l 2T and its label (l) [38, 53] . Definition 1. Let S = {s l |l = 0,1,. . .,2m} be a set of discrete linguistic terms with odd cardinality. The linguistic scale function f is defined as follows [38] :
Where θ l is a positive real number and 0�θ 0 �θ 1 �� � ��θ 2m . θ l characterizes the priorities of DMs when s l 2S is chosen to describe their opinions.
Some LSFs are introduced as follows [25, 38] :
Þ and y l � 0; 1 ½ � ð1Þ
Where α and β2(0,1].
Z-numbers and linguistic Z-numbers
This subsection covers the definition of Z-numbers, uncertain linguistic Z-numbers, and their operation.
Z-number.
Uncertainty is an inseparable feature of the real problems. Always, DMs use their uncertain data, knowledge, and experiments to select the best solutions. In order to make more beneficial decisions, this information must be reliable. Hence, Zadeh [12] introduced the concept of Z-numbers to better represent uncertain data with the incorporation of partial reliability and fussiness. Definition 2. [12] (Z-number). An ordered pair of fuzzy numbers as ðÃ;BÞ shows a Znumber. Such that the values, which can be assigned to an uncertain variable X, are represented by using the first component as a fuzzy constraint, and a soft restriction on partial reliability of the first component is determined by the second component,B. OftenÃ andB are expressed by using linguistic terms.
2.2.2. Linguistic Z-numbers. Following to Zadeh [12] , two forms of Z-numbers have been developed to better describe uncertain data with consideration of partial reliability. Peng and Wang [26] introduced hesitant uncertain linguistic Z-numbers by using the concept of Znumbers and linguistic terms. Wang et al. [25] extended a new form of Z-numbers called linguistic Z-numbers in order to measure the reliability of the real phenomena and describe the qualitative data, simultaneously. Definition 3. [25] (Linguistic Z-numbers). Consider a universe of discourse U. Let two finite discrete linguistic term sets representing different preference data are defined as S ¼ fs 0 ; s 1 ; . . . ; s 2m g and T 0 ¼ fs 0 0 ; s 0 1 ; . . . ; s 0 2n g where m and n are nonnegative integers. Therefore, a linguistic Z-number set in U is defined as follows:
Where A ;(u) is a fuzzy constraint on the values which can be assigned to the uncertain variable and B φ(u) characterizes a reliability measure of the first component. A ;(u) and B φ(u) are described by using uncertain linguistic terms.
The arithmetic operations over uncertain linguistic Z-numbers.
Wang et al. [25] developed some arithmetic operations for LZNs. The proposed operations maintain both the flexibility of linguistic term sets and the reliability value of Z-numbers. Definition 4. [25] Suppose two linguistic Z-numbers are defined as z i = (A ;(i) , B φ(i) ) and z j = (A ;(j) , B φ(j) ). f � and g � functions can be selected from between f 1 (s l ), f 2 (s l ), f 3 (s l ) and f 4 (s l ). Hence, some operations under linguistic Z-number environment are defined as follows: ) be a linguistic Z-numbers. Then, the score function of linguistic Z-number is equal to:
The accuracy function of linguistic Z-number is as follows:
Using the score and accuracy functions, a comparison technique is defined for two LZNs as follows :
, then z i <z j 2.3. Aggregation operator Definition 6. [55] A weighted averaging (WA) operator is mapping WA: R n !R which has an associated vector W = (w 1 ,w 2 ,. . .,w n ) such that w i 2[0,1] and P n i¼1 w i ¼ 1. Then, the weighted averaging (WA) operator is defined as follows:
Definition 7. [56] An ordered weighted averaging (OWA) operator is mapping OWA: R n !R which has an associated vector W = (w 1 ,w 2 ,. . .,w n ) such that w i 2[0,1] and P n i¼1 w i ¼ 1. Then, the ordered weighted averaging (OWA) operator is defined as follows:
where b i is the i th largest of a i (i = 1,. . .,n). Definition 8. [57] An hybrid weighted averaging (HWA) operator is mapping HWA: R n !R, and it has an associated vector W = (w 1 ,w 2 ,. . .,w n ) such that w i 2[0,1] and P n i¼1 w i ¼ 1. Then, the hybrid weighted averaging (HWA) operator is defined as follows:
Where _ a sðiÞ is the i th largest of _ a i ði ¼ 1; . . . ; nÞ, _ a i ¼ noa i and ω = (ω 1 ,ω 2 ,. . .,ω n ) be the weighted vector of a i such that ω i 2[0,1] and P n i¼1 o i ¼ 1. n is the balancing coefficient. The mentioned aggregation operators have typically been applied to fuse the exact input arguments. Hence, some authors (such as [38, 43, 54, 57, 58] ) developed these aggregation operators under different kinds of fuzzy environments. However, they ignored the reliability of data in their aggregation operations. To overcome this deficiency, these mentioned aggregation operators will be extended under linguistic Z-number environment in the next section.
Linguistic Z-number aggregation operators
This section covers three aggregation operators under linguistic Z-number environment. The description of linguistic Z-number aggregation operators and its related properties and theorems are indicated in the following.
Linguistic Z-number weighted averaging (LZWA) aggregation operator
Definition 9. Suppose Z = {z i = (A ;(i) ,B φ(i) )|i = 1,. . .,n} be a set of linguistic Z-numbers (LZNs) and W = (w 1 ,w 2 ,. . .,w n ) is the weight vector of z i (i = 1,. . .,n) such that w i 2[0,1] and P n i¼1 w i ¼ 1.
Then, linguistic Z-number weighted averaging (LZWA) aggregation operator can be defined as follows:
Based on the operations of linguistic Z-numbers represented in Definition 4, we can get the following result. Theorem 1. Let z i = (A ;(i) ,B φ(i) ) (i = 1,. . .,n) be a set of LZNs and W = (w 1 ,w 2 ,. . .,w n ) is the weight vector of z i (i = 1,. . .,n) such that w i 2[0,1] and P n i¼1 w i ¼ 1. Then, the aggregated result acquired based on LZWA operator is also a LZN and is indicated as follows:
Proof. According to Definition 4, it is clear that the aggregated value is also a LZN. Now, by applying the mathematical induction method, Eq (17) is easily proved in the following.
Firstly, it is assumed n = 2. Then, according to Definition 4, we have: Clearly, Theorem 1 is true for the case of n = 2. Now, it is assumed that this theorem is true for n = k, then we have:
Finally, for the case of n = k+1, we can obtain the following expression:
Since this theorem is true for the case of n = k, it will be also true for the case of n = k+1. Consequently, according to the mathematical induction, Eq (17) is true for all n. ∎ It is easy to prove that the LZWA operator has the following properties. Theorem 2. (Idempotency). Let z i = (A ;(i) ,B φ(i) ) (i = 1,. . .,n) be a set of LZNs and W = (w 1 , w 2 ,. . .,w n ) is the weight vector of z i (i = 1,. . .,n) such that w i 2[0,1] and P n i¼1 w i ¼ 1. If all z i are equal, i.e., z i = z = (A ;(.) ,B φ(.) ), for all i, then:
Proof.
. .,n) be a set of LZNs and W = (w 1 , w 2 ,. . .,w n ) is the weight vector of z i (i = 1,. . .,n) such that w i 2[0,1] and P n i¼1 w i ¼ 1, and let :
, since A z À � A ;ðiÞ and B z À � B φðiÞ . Thus, f � ðA z À Þ � f � ðA ;ðiÞ Þ and g � ðB z À Þ � g � ðB φðiÞ Þ and z − <z i . Then, we have:
Therefore, z − �LZWA w (z 1 ,z 2 ,. . .,z n ) can be obtained based on the comparison method of linguistic Z-numbers presented in Definition 5. Similarly, LZWA w (z 1 ,z 2 ,. . .,z n )�z + can also be obtained. Thus, z − �LZWA w (z 1 ,z 2 ,. . .,z n )�z + ∎. Theorem 4. (Monotonicity). Let z i = (A ;(i) ,B φ(i) ) (i = 1,. . .,n) and z � i ¼ ðA � ;ðiÞ ; B � φðiÞ Þ ði ¼ 1; . . . ; nÞ be two sets of LZNs and W = (w 1 ,w 2 ,. . .,w n ) is the weight vector of z i and z � i (i = 1,. . ., n) such that w i 2[0,1] and P n i¼1 w i ¼ 1. 
. .,n) be a set of LZNs and W = (w 1 ,w 2 ,. . .,w n ) is the weight vector of z i (i = 1,. . .,n) such that w i 2[0,1] and P n i¼1 w i ¼ 1. For each q>0, we can indicate:
It should be noted that the LZWA operator does not possess commutativity. For example, In the following, the special case of LZWA operator is presented:
, then the LZWA operator is reduced to linguistic Z-number averaging (LZA) operator, which is defined as follows:
Linguistic Z-number ordered weighted averaging (LZOWA) aggregation operator
. .,n} be a set of linguistic Z-numbers (LZNs) and W = (w 1 ,w 2 ,. . .,w n ) is the weight vector of z i (i = 1,. . .,n) such that w i 2[0,1] and P n i¼1 w i ¼ 1. Then, linguistic Z-number ordered weighted averaging (LZOWA) aggregation operator can be defined as follows:
Where (σ(1),σ(2),. . .,σ(n)) is a permutation of (1,. . .,n) such that z σ(i−1) �z σ(i) . Based on the operations of linguistic Z-numbers represented in Definition 4, we can get the following result. Theorem 6. Let z i = (A ;(i) ,B φ(i) ) (i = 1,. . .,n) be a set of LZNs and W = (w 1 ,w 2 ,. . .,w n ) is the weight vector of z i (i = 1,. . .,n) such that w i 2[0,1] and P n i¼1 w i ¼ 1. Then, the aggregated result acquired based on LZOWA operator is also a LZN and is indicated as follows:
Similarly, Theorem 6 can easily be proven by using Definition 5 and the mathematical induction technique.
It is easy to prove that the LZOWA operator has the following properties.
. .,n) be a set of LZNs and W = (w 1 , w 2 ,. . .,w n ) is the weight vector of z i (i = 1,. . .,n) such that w i 2[0,1] and P n i¼1 w i ¼ 1. If all z i are equal, i.e., z i = z = (A ;(.) ,B φ(.) ) for all i, then:
Similar to Theorem 2, Theorem 7 can be proved.
Similar to Theorem 3, Theorem 8 can easily be proved. Theorem 9. (Monotonicity). Let z i = (A ;(i) ,B φ(i) ) (i = 1,. . .,n) and z � i ¼ ðA � ;ðiÞ ; B � φðiÞ Þ ði ¼ 1; . . . ; nÞ be two sets of LZNs and W = (w 1 ,w 2 ,. . .,w n ) is the weight vector of z i and z � i (i = 1,. . ., n) such that w i 2[0,1] and P n i¼1 w i ¼ 1. If A ;ðiÞ � A � ;ðiÞ and B φðiÞ � B � φðiÞ , for all i, then,
Similar to Theorem 4, Theorem 9 can easily be proved. Theorem 10. Let z i = (A ;(i) ,B φ(i) ) (i = 1,. . .,n) be a set of LZNs and W = (w 1 ,w 2 ,. . .,w n ) is the weight vector of z i (i = 1,. . .,n) such that w i 2[0,1] and P n i¼1 w i ¼ 1. For each q>0, we can indicate:
Similar to Theorem 5, Theorem 10 can easily be proved. It is noted that the LZOWA operator does not possess commutativity. For example, let
3:16 Þ for w = (0.155,0.345,0.345,0.155). In the following, the special case of LZOWA operator is presented:
, then the LZOWA operator is reduced to linguistic Z-number ordered averaging (LZOA) operator, which is defined as follows:
Linguistic Z-number weighted averaging operators
Linguistic Z-number hybrid weighted averaging (LZHWA) aggregation operator
The linguistic Z-number weighted averaging (LZWA) operator weights only the linguistic Znumber arguments, while the linguistic Z-number ordered weighted averaging (LZOWA) operator weights only the ordered situation of the linguistic Z-number values. In order to come over this limitation, a linguistic Z-number hybrid weighted averaging (LZHWA) operator is developed. The LZHWA operator weights both the linguistic Z-number arguments and their ordered situations.
. .,n} be a set of linguistic Z-numbers (LZNs), which have an associated vector W = (w 1 ,w 2 ,. . .,w n ) such that w i 2[0,1] and P n i¼1 w i ¼ 1. Then, linguistic Z-number hybrid weighted averaging (LZHWA) aggregation operator can be defined as follows:
Based on the operations of linguistic Z-numbers represented in Definition 4, we can get the following result.
. .,n) be a set of LZNs, which have an associated vector W = (w 1 ,w 2 ,. . .,w n ) such that w i 2[0,1] and P n i¼1 w i ¼ 1. Then, the aggregated result acquired based on LZHWA operator is also a LZN and is indicated as follows:
Where _ z sðiÞ is the i th largest of the weighted Z-number _ z i ð _ z i ¼ no i z i Þ; ω = (ω 1 ,ω 2 ,. . .,ω n ) is the weight vector of z i (i = 1,. . .,n) such that ω i 2[0,1] and P n i¼1 o i ¼ 1. Similarly, Theorem 11 can easily be proven by using Definition 5 and the mathematical induction technique.
It is easy to prove that the LZHWA operator has the following properties. Theorem 12. (Idempotency). Let z i = (A ;(i) ,B φ(i) ) (i = 1,. . .,n) be a set of LZNs, which have an associated vector W = (w 1 ,w 2 ,. . .,w n ) such that w i 2[0,1] and P n i¼1
), for all i, then:
Similar to Theorem 2, Theorem 12 can easily be proved. Theorem 13. (Boundedness). Let z i = (A ;(i) ,B φ(i) ) (i = 1,. . .,n) be a set of LZNs and W = (w 1 , w 2 ,. . .,w n ) is the weight vector of z i (i = 1,. . .,n) such that w i 2[0,1] and P n i¼1 w i ¼ 1, and let : 
. . . ; nÞ be two sets of LZNs and W = (w 1 ,w 2 ,. . .,w n ) is the weight vector of z i and z �
Similar to Theorem 4, Theorem 14 can easily be proved.
. .,n) be a set of LZNs, which have an associated vector W = (w 1 ,w 2 ,. . .,w n ) such that w i 2[0,1] and P n i¼1 w i ¼ 1. For each q>0, we can indicate:
Similar to Theorem 5, Theorem 15 can easily be proven. In the following, the special case of LZHWA operator is presented:
It should be noted that the LZHWA operator does not possess commutativity. For example,
, then the LZHWA operator is reduced to linguistic Z-number weighted averaging (LZWA) operator.
Proof
, then the LZHWA operator is reduced to linguistic Z-number ordered weighted averaging (LZOWA) operator.
Based on the special cases of LZHWA operator, it can be seen that the LZHWA operator can generalize both the LZWA operator and LZOWA operator.
Portfolio selection based on aggregation operators under linguistic Z-number environment
In this section, a multi-stage qualitative approach is presented to model the qualitative portfolio problems based on the proposed aggregation operators under the linguistic Z-number environment. One expert evaluates the performance of assets according to his/her knowledge and judgment, which can be used to represent the uncertainty and the reliability of data, simultaneously. The proposed aggregation operators are powerful tools to incorporate expert's knowledge under the linguistic Z-number environment. Fig 1 shows a total schematic of the proposed approach.
The qualitative approach has three steps. In the first step, we evaluate the performance of each asset according to the financial criteria and an expert's opinion. In the second step, the proposed aggregation operators calculate the comprehensive values of each asset. In the third step, we propose three qualitative portfolio models based on the preferences of the experts and the investors.
The first step: Assessment of assets
Suppose that there are n risky assets as {x 1 ,x 2 ,. . .,x n } that investors can allocate their wealth to them. These assets are evaluated by expert based on m financial criteria {f 1 ,f 2 ,. . .,f m }. The assessment data can be described by the linguistic Z-numbers as z ij (i = 1,. . .,n and j = 1,. . .,m), and can be represented as a linguistic Z-number matrix as Z = [z ij ] n×m . Linguistic Z-number weighted averaging operators
The second step: Calculating the comprehensive value of each asset and its corresponding score
In this step, the comprehensive values of each asset are computed based on the proposed aggregation operators as � z i ¼ ð � A ;ðiÞ ; � B φðiÞ Þ. The aggregated values are calculated under the proposed aggregation operators as follows:
Consequently, the linguistic Z-number matrix Z = [z ij ] n×m can be converted into a qualitative column vector � Z ¼ ½� z i � n�1 by aggregating all the linguistic Z-numbers on one line. Then, the score values and the accuracy values are obtained according to Definition 5 as follows:
The resulted values can be represented as two column vectors S ¼ ½Sð�
The third step: Portfolio selection based on aggregation operators under linguistic Z-number environment
In the third step, three portfolio models are presented to assign the best assets based on the proposed aggregation operators under the linguistic Z-number environment. These models can be considered as the substitute methods of creating more diversified portfolios. In the proposed qualitative portfolio models, the diversification of portfolio can be handled by considering entropy function or by using lower and upper bounds of a fraction of the investment budget in each asset along with a predefined number of assets that can be allocated to the selected portfolio. Hong and Choi [59] showed that the relation between the score function and the accuracy function is equivalent to the relation between the mean and variance of quantitative data in statistics. Therefore, the score and accuracy values can be employed to measure the expected return and risk values of the portfolios under linguistic Z-number environment. In the following, three linguistic Z-number portfolio models are formulated according to the max-score rule and the score-accuracy trade-off rule such that the portfolios can be chosen by maximizing score function as an objective function along with an admissible level of risk as a constraint. Moreover, these qualitative optimization models can examine the trade-off among the score and accuracy values. Firstly, the objective function and constraints in all the three proposed qualitative portfolio models are introduced as follows:
• Objective function
According to the max-score rule, the objective function can be defined as follows:
• Cardinality constraint
Constraint (23) is the budget constraint. Constraint (24) , which is called cardinality constraint, guarantees that the portfolio is limited to maintain a predefined number of securities such as h. l i (�0) is the minimum portion of total capital which can be allocated to the i th asset and u i (0�l i �u i ) is the maximum portion of total investment which can be devoted to the i th asset. Let x i is the weight of the i th asset in the portfolio and y i is a binary variable which is equal to one when the corresponding asset is allocated to portfolio, otherwise, it is zero. Eventually, the prohibition of short selling is shown constraint (27) .
• Entropy constraint
To achieve more diversified portfolio and capture the topic of diversification, the following concave entropy function, which is presented by Shannon [60] , can be applied:
It should be mentioned that the entropy function (E(x)) takes its maximum values (ln n) when x i ¼ 1 n . Moreover, if x i = 1 for one asset and x i = 0 for other assets, then E(x) = 0. Hence, a suitable measure of disorder in a probability distribution is provided by this entropy function. Consequently, it can be found that this entropy function is proper for handling the diversification of portfolio. To obtain a suitable level of diversification, the following constraint is applied:
• Risk constraint
As discussed, the accuracy function of linguistic Z-numbers can be applied to control the risk of the portfolio. When the investor selects the desired level of risk, a risk constraint can be imposed on the asset allocation problem. The risk constraint using the accuracy function is defined as follows:
where W 2 ½0; max 1�i�n ðAð � Z i ÞÞ� is a minimum admissible level of the risk value. The ϑ-value is determined by investors or fund managers. Three cases may occur for determining the ϑvalue:
1. If W > max 1�i�n ðAð � Z i ÞÞ, then, no portfolio is constructed because no feasible solution can be detected.
2. If W ¼ max 1�i�n ðAð � Z i ÞÞ, then, only one portfolio can be generated.
3. If 0 � W � max 1�i�n ðAð � Z i ÞÞ, then, the greater the ϑ-value, the greater the effect of admissible level of the risk value in the portfolio performance. Now, we propose three hybrid qualitative portfolio models. The first model is based on the max-score rule along with the cardinality constraint. The second model is based on the maxscore rule along with the entropy constraint. The investors who are intending to achieve the maximum return can use these two proposed qualitative portfolio models. Hence, these models are suitable for general investors. The third model is developed according to the score-accuracy trade-off rule with consideration of the entropy constraint. The investors who want to achieve the maximum return along with a desired risk level can use the third model. Therefore, the third model is appropriate for the risky investors.
Model (1):
The qualitative portfolio optimization model based on the max-score rule along with the cardinality constraint. The max-score rule is simple and proper for describing the investment goals of general investors. Hence, the corresponding qualitative portfolio model (Model (1)) is developed as follows:
Model (1) is a mixed integer linear convex optimization problem. The linearity structure of Model (1) maintains a very significant feature that every local optimal point is also a global optimal point. This feature guarantees that the obtained solution from Model (1) is optimal.
Model (2):
The qualitative portfolio optimization model based on the max-score rule along with the entropy constraint. Similar to Model (1), the second qualitative portfolio model (Model (2)) is developed by considering the entropy constraint as follows:
Model (2) is a nonlinear convex optimization problem. Solving the nonlinear optimization models can be computationally hard for medium or large-size problems. (2) is a convex optimization problem, i.e. it includes the maximization of a linear function subject to convex constraints.
Proposition 1. Model
Proof. The objective function
is a linear function which is both convex and concave. The constraint P s i¼1 x i ¼ 1 is a linear function and thus, it is convex. It may be mentioned that the entropy function EðxÞ ¼ À P n i¼1 x i ln x i is a concave function. Therefore, À EðxÞ ¼ P n i¼1 x i ln x i is a convex function and hence, the constraint À P n i¼1 x i ln x i � d which can be revised as P n i¼1 x i ln x i þ d � 0; 0 � d � ln n and i ¼ 1; . . . ; n is also convex. The constraint x i �0 is also a linear function and it can be rewritten as −x i �0,i = 1,2,. . .,n, thus, it is convex. Consequently, Model (2) is a convex optimization problem.
Model (3):
The qualitative portfolio optimization model based on the score-accuracy trade-off rule along with the entropy constraint. The score-accuracy trade-off rule is appropriate for the risky investors who are intending to achieve the maximum return along with the limited level of risk. Hence, the corresponding qualitative portfolio model (Model (3)) is developed as follows: 
thus, it can be taken as convex function. The constraint P s i¼1 x i ¼ 1 is a linear function and thus, it is convex. It may be mentioned that the entropy function EðxÞ ¼ À P n i¼1 x i ln x i is a concave function. Therefore, À EðxÞ ¼ P n i¼1 x i ln x i is a convex function and hence, the constraint À P n i¼1 x i ln x i � d which can be revised as P n i¼1 x i ln x i þ d � 0; 0 � d � ln n and i ¼ 1; . . . ; n is also convex. The constraint x i �0 is also a linear function and it can be rewritten as −x i �0,i = 1,2,. . .,n, thus, it is convex. Consequently, Model (3) is a convex optimization problem.
Case study and computational results
In this section, The Tehran stock exchange market (TSE) in Iran has been used as the information source. The necessary data is available through the site of Tehran stock exchange market [61] . TSE is Iran's largest stock exchange, which first opened in 1967. In May 2012, TSE listed 339 companies with a combined market capitalization of US$104.21 billion. There are 37 industries such as the automotive, telecommunications, petrochemical, mining, steel iron, copper, banking, and financial mediation at the stock market in TSE. At the end of each season, the department of information of the Tehran stock exchange market reveals the name of 50 best corporations. These corporations are selected by certain criteria. We choose 20 firms with the best performance in the latest financial statement from 20 January 2019 to 20 June 2019 to validate the proposed qualitative approach.
The first step: Assessment of assets
We consider the information of these 20 firms as input of a fuzzy system to assess financial criteria. In this step, to describe the information, linguistic variables in Tables 1 and 2 are used for evaluating the performance of each asset concerning some given criteria. On the other hand, the expert's experience can be indicated by using fuzzy if-then rules [62] . Thus, this study uses these rules to better evaluate the performance of firms concerning the given criteria.
In this study, suppose that investors are intending to compare the performance of these 20 firms using four financial criteria: short term returns (STR), long term returns (LTR), external reputation (ER) and liquidity (L). Then, one expert evaluates the performance of each firm concerning these mentioned criteria, and he/she expresses his/her opinions using the linguistic terms provided in Tables 1 and 2 . The linguistic terms set S = {s 0 ,s 1 ,s 2 ,s 3 ,s 4 ,s 5 ,s 6 ,s 7 ,s 8 }, which is shown in Table 1 , can be applied to assess the performance of firms with respect to the mentioned criteria. Moreover, the linguistic terms set S 0 ¼ fs 0 0 ; s 0 1 ; s 0 2 ; s 0 3 ; s 0 4 g, which is indicated in Table 2 , can be used to represent the reliability measure of the related information.
Thus, the performance of the firms {x 1 ,x 2 ,. . .,x 20 } is evaluated with respect to the given criteria by one expert. The evaluation information is described by the linguistic Z-numbers as z ij (i = 1,. . .,20,j = 1,2,3,4) and linguistic Z-number matrix Z = [z ij ] 20×4 is generated based on the z ij . This matrix represents the performance of assets with respect to the given criteria. The results of the evaluation are displayed in Tables 3. Expert's opinions are simulated based on the evaluation information. Therefore, the performance of the proposed qualitative portfolio models can efficiently be examined. Tables 4-6 . To achieve this aim, the linguistic Z-number information resulted shown in Table 3 is aggregated using Eqs 17, 19 and 21. Typically for asset 1, the corresponding comprehensive value based on the proposed operators is calculated using Eqs 17, 19 and 21 as follows. Similarly, the aggregated results and their corresponding score and accuracy values for all assets are calculated under the proposed operators and shown in Tables 4-6.
The second step: Computing the comprehensive value of each alternative and its corresponding score and accuracy values
By using the score and accuracy values reported in Tables 4-6 , the ranking of assets according to Definition (5) in the descending order is as follows:
• LZWA operator Linguistic Z-number weighted averaging operators • LZOWA operator
• LZHWA operator
As obvious, the impact of reliability measures is reflected in the ranking results under all proposed operators. For example, the rank of the first asset (x 1 ) is higher than the rank of 13 th asset (x 13 ) under all operators because of the high value of reliability.
The third step: Portfolio selection based on aggregation operators under linguistic Z-number environment
In this step, Model (1), Model (2) and Model (3) are applied to formulate the qualitative portfolio problem. These models can choose the optimal combinations of assets according to the preferences of investors under linguistic Z-number environment. The proposed models are mixed-integer programming models. Speranza [64] indicated that the computational complexity of the mixed-integer linear programming models (MILP) depends on the number of integer and binary variables. Also, he proved that obtaining the optimal solutions for MILP models in a rational time is impossible when the number of variables is greater than 15. Besides, Mansini and Speranza [65] proved that solving the portfolio selection model with round lots is NP-hard. Therefore, a genetic algorithm (GA) is employed to solve the proposed models. The parameters of GA and NSGA-II are adjusted as follows: POP size : 100; crossover rate: 0.8; mutation rate: 0.4; maximum iteration: 500.
• Portfolio selection using Model (1)
In this case, h = 6, l i = 0.05 and u i = 0.5 are used to build Model (1) based on LZWA, LZOWA, LZHWA operators. The selected portfolios are reported in Table 7 . Fig 2 indicates that the performance of asset 9 is better than other assets under all proposed operators because this asset has a high score value in comparison with other assets. Moreover, it can be seen that the portfolios selected using Model (1) based on three proposed aggregation operators are nearly the same. Besides, Fig 3 shows that the achievement level of the goal becomes higher when LZHWA operator is applied to aggregate the evaluation information.
• Portfolio selection using Model (2)
In this case, δ = 1.5 is applied to build Model (2) based on LZWA, LZOWA, LZHWA operators. The selected portfolios are listed in Table 8 . Fig 4 indicates that the performance of asset Linguistic Z-number weighted averaging operators 9 is better than other assets under all proposed operators because this asset has a high score value in comparison with other assets. Moreover, it can be found that the portfolios selected using Model (2) based on three proposed aggregation operators are nearly the same. Besides, Fig 5 shows that the achievement level of the goal becomes higher when LZHWA operator is applied to aggregate the evaluation information.
• Portfolio selection using Model (3)
In this case, δ = 1.5 and ϑ = 0.15 is applied to build Model (2) based on LZWA, LZOWA, LZHWA operators. The selected portfolios are listed in Table 9 . Fig 6 shows that the assets 7, 9 and 17 have better performance in comparison with other assets under all proposed operators due to the impact of reliability measure. Moreover, Model (3) determines the optimal asset allocation based on a trade-off between the score value and accuracy value. Also, it can be found that the portfolios selection using Model (3) based on three proposed aggregation operators are slightly different and it shows an advantage of our proposed aggregation operators. Besides, Fig 7 shows that the achievement level of the goal becomes higher when LZHWA operator is applied to aggregate the evaluation information. Linguistic Z-number weighted averaging operators
Discussion and sensitivity analysis
It can be mentioned that the main feature of Model (3) emphasizes on the trade-off among two conflicting goals. This model can select the optimal portfolio by maximizing the score function, as a proxy of the expected return, along with the desired level of accuracy value as a risk constraint. In the following, the influence of critical parameters on Model (3) is analyzed. In this case, sensitivity analysis is implemented by changing: (1) the minimum admissible level of accuracy value ϑ and (2) the preset entropy value δ. Tables 10-12 report the computational results. (3) can create a comprehensive trade-off between the score value and the accuracy value in the portfolio. Moreover, with increasing ϑ-value, the investment ratio of some assets such as 3, 11, 13 and 19 become higher, Linguistic Z-number weighted averaging operators and vice versa, the investment ratio of some assets such as 2, 9, 14 and 17 become lower which can be seen in Tables 10-12 . Therefore, it can be found that Model (3) is more proper for risky investors as they are intending to obtain the maximum return along with a limited risk level. Moreover, it can be noted that the determination of ϑ-value may depend on the mentality of the investor. A risk averter investor can select higher ϑ-value, but a risk seeker investor can select lower ϑ-value. Therefore, this issue can provide additional useful information to help the investors efficiently make fruitful decisions. Also, Figs 8-10 indicate that the achievement level of goal becomes higher under all situations when the entropy level (δ-value ) increases. Thus, the investors can construct more portfolios by changing the predefined entropy value in the Model (3) according to their preferences.
Comparative analysis
5.5.1. Comparing with fuzzy weighted averaging (FWA), fuzzy ordered weighted averaging (FOWA) and fuzzy hybrid weighted averaging (FHWA) [55] . FWA, FOWA and FHWA operators were presented by Xu and Da [55] and these operators only can handle fuzzy information or linguistic information. However, fuzzy numbers can't capture expert's reliability in describing qualitative information. Experts always express their opinions in terms of various possible linguistic terms with different reliability. The Linguistic Z-numbers covers their requirements. But FWA, FOWA and FHWA operators can't handle decision-making problems under the linguistic Z-number environment. Since linguistic Z-numbers are quite different from fuzzy numbers, we develop these operators under the linguistic Z-number environment using the corresponding operational rules. [66] . To investigate the practicability and validity of the proposed qualitative approach, the proposed method is compared with Zhou et al.'s method [66] . Zhou et al. [66] proposed a qualitative portfolio selection approach based Linguistic Z-number weighted averaging operators Linguistic Z-number weighted averaging operators on aggregation operators under the hesitant fuzzy environment. Thus, the linguistic Z-number data can be rewritten as hesitant fuzzy linguistic information. the hesitant fuzzy linguistic term sets consider many possible linguistic terms. However, they do not contain the reliability measure of these linguistic terms. Therefore, it is assumed that all possible linguistic terms have the same reliability values under the hesitant fuzzy linguistic environment. Based on the linguistic Z-number information shown in Table 1 , the linguistic Z-number decision matrix can be rewritten as the hesitant fuzzy linguistic decision matrix. For example, the linguistic Z-valuation ðx 11 ; s 6 ; s 0 3 Þ, which evaluates the performance of asset 1 concerning the first criterion, can be rewritten as the hesitant fuzzy linguistic value <x 11 ,s 6 >. Then, the linguistic term s 6 can be transformed to triangular fuzzy number based on Herrera et al.'s method [67] . Therefore, the Linguistic Z-number weighted averaging operators hesitant fuzzy linguistic value <x 11 ,s 6 > can be rewritten as hesitant fuzzy value <x 11 , {0.49,0.67,0.84}>. Zhou et al. [66] used the max-score value rule to formulate his proposed approach. Therefore, we compare the results of the Model (1) with the results of Zhou's model [66] .
Comparing with Zhou et al.'s method
The Zhou et al.'s model with consideration of cardinality constraint is applied to select the optimal portfolio under hesitant fuzzy environment. Table 13 shows the assigned assets and their investment ratios resulted in Zhou et al.'s model. Now, we compare the results obtained by Model (1) in Table 7 with the results obtained in Zhou et al.'s model in Table 13 .
From Tables 7 and 13 Table 7 , we find that the proposed model completely considers the requirement of reliability. For example, some assets like asset 3 are not allocated to the portfolio obtained in Model (1) because experts have devoted lower values of reliability to their corresponding assessment data. Instead, these assets are selected in Zhou's models because these models do not consider experts' reliability. In other words, the proposed model can select the optimal assets by considering different criteria when experts are sure about their assessments. Therefore, we can indicate that the proposed approaches are superior and more general due to considering the reliability of the information.
Managerial results
As discussed above, the proposed qualitative approach contains the incorporation of aggregation techniques with portfolio selection problems under the linguistic Z-number environment. The proposed models are proposed to allocate the optimal assets. Model (1) and Model (2) are more suitable for general investors as they want to obtain the maximum return. Finally, Model (3) is suitable for risky investors who intend to attain the maximum return along with a desired accuracy level. Furthermore, the diversification of portfolios is guaranteed by considering the predefined number of assets in Model (1) and the entropy level in Model (2) and Model (3).
Thus, the advantages of our proposed approach are as follows:
1. Our proposed approach is more comprehensive in comparison with the traditional approaches because we use the linguistic Z-numbers in the assessment information representing. The linguistic Z-numbers not only reduce the loss of information but also capture the possibilistic and probabilistic constraints, simultaneously. So, they are more suitable for evaluating the information in financial markets.
2. Our proposed aggregation techniques can rank all input arguments in the decision-making environment. Although there are some operators to aggregate the assessment information under the fuzzy environment, they are unable to solve decision-making problems under linguistic Z-number environment. So, our proposed aggregation operators such as LZWA Linguistic Z-number weighted averaging operators operator, LZOWA operator, and LZHWA operator are more general and more flexible to fuse the evaluation data. Our proposed aggregation operators not only rank all input arguments but also consider the reliability of the information.
3. We apply the max-score rule and the score-accuracy trade-off rule and propose three qualitative models to select the optimal portfolio under the linguistic Z-number environment. Thus, our proposed models are suitable for both general investors and the risky investors. Moreover, our proposed models not only can construct more diversified portfolios according to investor's preferences but also they can test the trade-off between the score value and accuracy value under various situations.
Conclusion
To select the optimal portfolio when the assessment information is qualitative and linguistic, this study has proposed a holistic multi-stage methodology the under linguistic Z-number environment with considering both investor's preferences and expert's reliability. The main stages of the developed approach are as follows: (1) aggregating the linguistic Z-number data using WA, OWA and HMM operators, and developing three new aggregation operators (2) computing the score values and the accuracy values for each alternative (3) formulating three qualitative portfolio optimization models to assign the optimal assets according to different preferences of investor. Moreover, three qualitative portfolio selection models have been developed based on the max-score rule and the score-accuracy tradeoff rule to allocate assets based on a real case. The results show that the proposed framework can generate more diversified portfolios based on a trade-off between the score value and accuracy value. Moreover, the proposed framework not only can capture investor's preferences but also can consider the expert's reliability in the investment processes. Besides, by considering various levels of the portfolio risk, the proposed qualitative approach has been extended to distinguish the risk averter and risk seeker investors. The comparison results show that the portfolio performance of the proposed approach has been increased 20 percent in comparison with the other approach. In this study, the proposed approach applies opinions of one expert to evaluate the performance of assets with respect to different criteria under linguistic Z-number environment. However, the proposed method can be extended to the case which more than one expert's opinions is considered. This problem is referred as the group portfolio selection under linguistic Z-number environment. When this approach is employed to allocate the optimal assets based on the linguistic Z-number evaluation data provided by t experts or DMs, t linguistic Znumber matrices are acquired and the linguistic Z-number aggregation operators can be used to combine them into a collective linguistic Z-number matrix. The rest of modelling processes is the same as the proposed method in this paper. This issue remains a subject of future study. For more information, readers are referred to the work by Wang et al. [68] and Chen et al. [69] . Moreover, in this paper, we have considered aggregation operators for linguistic Z-number environment. However, source of uncertainty may be from different types. Therefore, the proposed aggregation operators of this paper can be extended to support heterogenous interrelationships among attributes. Interested researchers can read the work by Chen et al. [70] . Ultimately, this study uses Xu's method [63] to determine the weights of criteria. However, the weight information in the real decision-making processes may be incomplete. Thus, to determine the incomplete weights of criteria in the proposed approach, other methods such as Chen et al.'s method [71] , Kim and Ahn's method [72] and Zhang et al.'s method [73] can be applied. This remains as a subject for future study.
